Background. Healthcare-associated infections such as surgical site infections (SSIs) are used by the Centers for Medicare and Medicaid Services (CMS) as pay-for-performance metrics. Risk adjustment allows a fairer comparison of SSI rates across hospitals. Until 2016, Centers for Disease Control and Prevention (CDC) risk adjustment models for pay-for-performance SSI did not adjust for patient comorbidities. New 2016 CDC models only adjust for body mass index and diabetes.
Surgical site infection (SSI) is one of the most common healthcare-associated infections and is associated with poor health outcomes such as increased length of stay, reduced quality of life, and even death [1, 2] . Therefore, SSI rates are a potentially important healthcare quality metric.
Rates of various healthcare-associated infections including SSI are included prominently in publicly available quality "report cards" with the explicit intent of comparing rates across different facilities. Even beyond reporting, SSI rates are being used by the Centers for Medicare and Medicaid Services (CMS) and private insurers as a performance metric for reimbursement. SSI standardized infection ratios (SIRs) are a component of each hospital's hospital-acquired condition score on which CMS payment reductions are based [3] . However, the patient population at one facility may be significantly different from the population at another facility, and a seemingly large proportion of SSIs at one hospital may be due to a high burden of patients with a number of risk factors (comorbidities) for adverse surgical outcomes rather than poorer quality of care. Therefore, risk adjustment for patient case mix is necessary to make comparisons meaningful to providers and healthcare centers and to level the playing field for reimbursement policies [4] [5] [6] .
The Centers for Disease Control and Prevention's (CDC) National Healthcare Safety Network (NHSN) updated its SSI risk adjustment models to stratify by surgical procedure in 2010, but individual patient-level comorbidity adjustment for surgical procedures are not routinely included in CMS pay-for-performance [7] . Only spinal fusion procedures included diabetes and cesarean delivery included adjustment for body mass index (BMI) [1] . A major weakness in the current CDC risk adjustment method is that nearly all SSI models do not include other patient comorbid conditions, many of which are well-described risk factors for SSI [2, [9] [10] [11] [12] , and thereby fail to adequately account for the contribution of patient case mix to hospital SSI rates. More recently in 2016, diabetes and BMI were added to many models as individual patient case-mix variables [8] , though there may be variability between hospitals as to how these conditions are captured if not in a standardized fashion or through International Classification of Diseases (ICD) codes. Other performance measurement systems for SSI, such as the American College of Surgeons National Surgical Quality Improvement Program (ACS-NSQIP), collect many more variables than the NHSN system, but often the data collection burden may be too high for some, especially smaller, hospitals.
We hypothesized that patient comorbidities easily obtained from ICD discharge codes could be used to develop a well-performing risk adjustment model for SSI. In fact, most hospitals already send ICD data for all of their Medicare patients to CMS. To test this hypothesis, we built 2 models using procedure type, individual patient demographics, and hospital discharge codes (comorbid conditions) from a large cohort of surgical patients across 28 US hospitals. We then demonstrated the impact of risk adjustment on SSI rates by comparing the hospital rankings before and after adjustment. To our knowledge, we are the first to develop risk adjustment models specifically for SSI using patient comorbidities derived from ICD codes across multiple patient populations, hospitals, and surgical procedures.
METHODS
We retrospectively analyzed a cohort of patients undergoing surgery between 1 January 2012 and 31 December 2013 at 28 US hospitals. These procedures were identified from the Premier Quality Advisor database using ICD, Ninth Revision, Clinical Modification (ICD-9-CM) codes and Current Procedural Terminology codes for the NHSN operative procedure categories of colon, abdominal hysterectomy, and knee and hip replacement. We chose these procedures because SSI rates for these procedures are either publicly reported or used for pay-for-performance, or both. Premier's database currently contains data from standard hospital discharge files, including patient demographics, disease state, and information on billed services.
Institutional review board approval was obtained by Premier for study oversight and by each participating hospital. Infection preventionists at each hospital used CDC NHSN criteria [13] to identify SSI. SSIs were classified using NHSN definitions of superficial incisional, deep incisional, or organ/space. Patients with superficial SSI were excluded from this analysis as the risk factors may be different from those with deep incisional and organ/space ("complex") SSI [2] , and the morbidity and mortality from complex SSI is higher. Public reporting excludes superficial SSI, in part due to the subjectivity of assessing superficial SSI and poor comparisons between facilities [7] . Participating hospitals sent patient SSI details to Premier, where the data were merged with additional administrative and clinical data.
We used 2 methods to build the risk adjustment model: (1) a data-driven model where all comorbid conditions that are components of the Charlson and Elixhauser comorbidity indices were considered as potential predictors and (2) a model that included only the comorbid conditions from either index thought to be associated with SSI based on expert consensus [14] . For both models, procedure type and patient characteristics including age, race, and ICD-9-CM codes were obtained from Premier's merged database. Procedure type was entered into the model as a covariate instead of building separate procedure-specific models due to the smaller numbers of procedure-specific SSI outcomes. Age was entered into both models as a continuous predictor after confirming that a linear relationship existed with the outcome [15] . Patient race was categorized as black, white, or other. Smoking was selected a priori as a potential risk factor for SSI. We used ICD-9-CM codes for former and current smoking (V15.82 and 305.1) to create a variable for "ever smokers" [16] . All available patient ICD-9-CM codes were mapped to comorbid conditions outlined by Quan et al [17] . Multiple ICD-9-CM codes were used in defining comorbidities, but the conditions themselves were operationalized as binary variables, that is, either the presence or absence of a condition. The variables of American Society of Anesthesiologists (ASA) score and surgery duration were not available in the Premier data set and so are not included in our models.
For the data-driven model we used the conditions contained in the Deyo adaptation of the Charlson comorbidity index [18] and the Elixhauser comorbidity index [19] to identify comorbidities and their ICD-9-CM codes associated with SSI [17] . Bivariate associations between SSI and the predictors were assessed using a logistic regression model with a random intercept to account for patient clustering at the hospital level to obtain odds ratios. Demographic characteristics, procedure type, and comorbid conditions found to be significant at the P < .10 level in the bivariate analysis were candidates for the data-driven risk adjustment model. If the conditions overlapped between the indices, eg, Elixhauser diabetes and Charlson diabetes, the component with the smaller P value was selected for entry into the model. Separate models were built where components were tied for statistical significance, using the smallest Akaike information criterion as criteria for model selection [20] . These models were fit using maximum likelihood and backwards selection. Variables were retained in the model if they met the significance level of P < .05.
For the second model, we only used the comorbid conditions identified from expert consensus, which has been reported elsewhere [14] . In brief, using Delphi consensus [21, 22] , 9 infectious disease and infection control experts were asked to rate the 35 comorbid conditions found in the Charlson and Elixhauser indices from 1 (not at all related) to 5 (strongly related), based on perceived relatedness to SSI. These experts rated the following 17 conditions as 3 (somewhat related) or higher: blood loss anemia, chronic pulmonary disease, coagulopathy, congestive heart failure, diabetes without complications, diabetes with complications, hemiplegia or paraplegia, human immunodeficiency virus/AIDS, lymphoma, malignancy, peripheral vascular disease, solid tumor with metastasis, severe liver disease, obesity, renal disease, rheumatologic disease, and weight loss (malnutrition). These 17 conditions, along with procedure type, age, race, and smoking status, were entered into the model as potential predictors of SSI and variables were retained using backwards selection if they met the significance level of α <.05.
We used logistic regression for both risk adjustment strategies and included a random intercept for hospital to account for the correlation between patients from the same facility [23] . The marginal predicted probabilities of an SSI for each patient were calculated from this model without including the random effect in the prediction so that hospital did not influence these values. These predicted probabilities were then used to generate the C-statistic and 95% confidence interval (CI) for the model. The C-statistic is a measure of discrimination, or the model's ability to discriminate between those with and without the outcome. The C-statistic is the chance that the model will assign a higher probability to patients with SSI than without [15] . Values for the C-statistic range from 0.50 (a probability no different from chance) to 1.0 (perfect prediction). Calibration, which is the model's ability to accurately quantify the probability of the outcome, was assessed with a calibration plot. The predicted probabilities were plotted against the observed proportion of SSI in deciles, and a 45-degree line was added to visually inspect how well the model was calibrated. In a perfectly calibrated model the points would rest exactly on the 45-degree line, implying that the predicted risks are equal to the observed frequencies [24, 25] .
The expert consensus model was validated using internalexternal validation to adjust for optimism in clustered data [26] . The expert consensus predictors were entered into a logistic regression model with a random intercept for hospital, excluding one hospital from each run. The coefficients from the resultant model were applied to the model for the excluded hospital and the C-statistic was estimated. This procedure was run 28 times for each hospital and the C-statistic for each model estimated. The optimism adjusted C-statistic and 95% CI was estimated from the mean of the 28 model C-statistics.
The proportions of SSI observed at each hospital were calculated and the hospitals were ranked in ascending order from least to greatest proportion of SSI. The predicted probabilities from the risk adjustment model were summed to estimate the expected number of SSI events for each hospital. Standardized infection ratios (SIRs) for each hospital were calculated by dividing the observed number of SSIs by the expected number of SSIs predicted by the model, similar to the current NHSN method [7] . An SIR >1 indicates the hospital reported a greater number of SSI than expected, whereas an SIR <1 indicates the hospital reported a lower number of SSI than expected by the model [8] . Hospitals were then ranked by these risk-adjusted SIRs and compared to the rankings when ordered by the unadjusted SSI proportions.
All analyses were conducted using SAS version 9.4 software (SAS Institute, Cary, North Carolina). The calibration plots were generated using "ggplot2" package in R studio (version 0.99.902).
RESULTS
There were 28 hospitals in our sample, of which 16 (57%) were teaching hospitals, 20 (71%) had ≤500 beds, and 27 (96%) were located in urban areas. The patient cohort included 45 394 patients, of whom 16 383 (36%) underwent knee replacement, 12 118 (27%) hip replacement, 8959 (20%) colectomy, and 7934 (17%) hysterectomy procedures. Of these surgical patients, 573 (1.3%) developed a deep incisional or organ/space SSI. Three percent (279/8959) of colon procedures, 1.3% (106/7934) of hysterectomies, 0.8% (102/12 118) of hip replacements, and 0.5% (86/16 383) of knee replacements resulted in an SSI. There was a median of 6 ICD-9-CM codes (range, 1-69) recorded per patient.
The bivariate associations between the SSI and the comorbid conditions are shown in Table 1 . The multivariable data-driven risk adjustment model (Table 2 ) included the following predictors that were associated with development of an SSI: younger age (P < .001), cardiac arrhythmia (P < .001), depression (P < .001), diabetes uncomplicated (P = .006), diabetes complicated (P < .001), fluid and electrolyte disorders (P = .005), liver disease (P = .002), weight loss (malnutrition) (P < .001), black race (P < .001), white race (P = .024), colectomy (P < .001), hysterectomy (P = .003), and hip replacement (P = .003). The multivariable expert consensus model (Table 2) included the following predictors associated with SSI: younger age (P < .001), diabetes without complications (P = .009), diabetes with complications (P = .002), liver disease (P = .001), obesity (P = .021), renal failure (P = .029), weight loss (malnutrition) (P < .001), white race (P = .033), black race (P < .001), smoking (P = .021), colectomy (P < .001), hysterectomy (P = .002), and hip replacement (P = .002).
The C-statistic was 0.73 (95% CI, .71-.76) for the datadriven model, and 0.73 (95% CI, .71-.75) for the expert consensus model. The validated expert consensus model C-statistic was 0.67 (95% CI, .64-.71). Calibration is illustrated in Figure 1 for the data-driven model and Figure 2 for the expert consensus model. Both calibration plots indicate that the models are well calibrated until the last 2 deciles of risk. This indicates that both models accurately predict SSI for much of the cohort, but the models underestimate the risk of SSI in the higher deciles. The hospital rankings are shown in Table 3 . The 28 hospitals were ranked from lowest to highest crude proportion of SSI, and then ranked by the SIRs estimated from the expert consensus risk adjustment model. The rank differences between the crude and adjusted rankings were calculated and the direction of the change noted. When the hospitals were ranked using the expert consensus model, 24 of 28 (86%) hospitals changed ranks, with 16 (57%) changing by ≥4 rankings. Four (14%) hospitals changed position by ≥10 ranks. The rankings changed in a similar manner for the data-driven model (data not shown).
DISCUSSION
In this retrospective cohort study, we illustrate the importance of adjusting for individual patient demographic and comorbid conditions when comparing SSI across hospitals using 2 methods of risk adjustment. To our knowledge, this is the first analysis to develop risk adjustment models using patient comorbidities derived from ICD-9-CM codes in a large cohort of surgical patients undergoing several procedures across multiple hospitals. Both the data-driven and expert consensus models show good discrimination with C-statistics of 0.73, and good calibration across the deciles of risk. When validated, the expert consensus model showed good discrimination, indicating that the model would perform well in other hospital data sets.
We further demonstrate the importance of risk adjustment by showing the change in rankings of the hospitals that resulted when the risk adjustment models were applied. Hospitals with a large burden of patients with comorbid conditions are expected to have a larger proportion of SSI, and their ranking will improve once the risk adjustment model is applied. Likewise, hospitals that serve healthier patients with fewer comorbid conditions may decline in their performance ranks when adjusted for patient case mix. In our study, nearly every hospital changed ranks and approximately half changed by >4 ranks when either risk adjustment methods were applied. These dramatic shifts may have consequences on payments and penalties for an individual hospital when all US hospitals are included in this ranking, as currently done by CMS.
The 2011 CDC models report C-statistics that range from 0.56 to 0.66 for the procedures in our dataset [1] . However, the CDC does not include comorbidities in many of their SSI models. Variables included in most of these procedure-specific models are age, ASA score, surgery duration, wound class, bed size, and academic affiliation [1] . These variables are either not patient specific (eg, medical school affiliation and number of hospital beds) or are subjective (ASA score). Further, the clinical relevance of nonmodifiable risk factors such as bed size and hospital affiliation in risk adjustment is poorly understood [4] . The variable of surgery duration is hard to interpret, as an increase in duration may indicate a more complicated case (patient-level factor) or it may signify a less skilled surgeon (hospital-level factor). Moreover, adjusting for hospital-level factors may in fact remove the variability in SSI rates explained by surgical or hospital quality of care.
Other risk adjustment models that do include patient comorbidities have been developed including Preventie Ziekenhuisinfecties door Surveillance (PREZIES) and ACS-NSQIP [23, 27] . When applied to SSI following colorectal resection, these models produced C-statistics of 0.58 for PREZIES and 0.71-0.73 for ACS-NSQIP [23, 27] . The NSQIP models, which include comorbid conditions obtained by records review, include many of the same comorbidities as our models, lending further credibility to our approach. The CDC has recognized the value of comorbidity in risk adjustment, and the most recent iterations of the SSI risk models for colon and abdominal hysterectomy procedures include a limited number of comorbidity variables [1, 8] . However, our approach provides a more feasible way of collecting and standardizing data on a larger number of relevant comorbidities.
Our expert consensus model has some advantages over the data-driven model. It is much simpler, with fewer variables, than the data-driven model. Candidate comorbid conditions used to develop the consensus model were identified a priori by an expert panel to increase the likelihood of causal relatedness with SSI, and to reduce the possibility that in this large dataset associations were found by chance [28] . Furthermore, discharge diagnoses do not distinguish between conditions that were present on hospital admission and those that are surgical complications [29] , such that the clinical significance of certain comorbidities in the datadriven model is unclear. For example, fluid and electrolyte disorders could be a condition in the causal pathway or a result of the surgery itself, and including such comorbidities can erroneously inflate the predicted performance of the model [30] . Identifying comorbidities a priori reduces the likelihood of adjusting for conditions that developed postoperatively.
A criticism of the use of ICD-9-CM codes in research is that they fail to capture all patient comorbidities or could reflect codes that maximize reimbursement [30, 31] . Indeed, often only the conditions that are likely to have an impact on the admission of interest are coded by the hospital [32] , leading to an underestimation of the prevalence of comorbid conditions among patients. However, claims that ICD-9-CM-based discharge codes incorrectly categorize a patient as having a condition may be overstated [30, 31] . Research comparing the Charlson and Elixhauser indices derived from ICD-9-CM codes to those same scores extracted from records review has found that the sensitivity of the individual components varies greatly but that specificity is approximately 98% [33] . Likewise, research has shown the sensitivity of ICD-9-CM codes to identify smokers may be low, but the specificity is nearly 100% when compared to study questionnaires [16] . Furthermore, documentation of comorbidities such as obesity, diabetes, and smoking tend to be higher in surgical patients, owing to the fact that these are known risk factors for postoperative complications [16] . This means that while some patient comorbidities or smokers may be missed (eg, the patient diagnosis was not recorded) due to low sensitivity of the codes, a condition assigned to a patient is likely to be correct [33] [34] [35] . Therefore, we may in fact be underestimating the prevalence of these conditions in our study sample and incompletely adjusting for comorbidity in our model, resulting in smaller rank changes after adjustment. Despite this limitation, our models still demonstrated good discrimination and calibration. Our approach has some limitations. Our models' ability to predict SSI in the higher deciles of risk is limited, implying that either important predictors may have been left out of the model or the ICD-9-CM codes failed to correctly identify every patient with a given comorbidity. Our models are not directly comparable to the CDC's because some of the variables used in the NHSN risk adjustment model (ASA score and surgery duration) were not available in the dataset. We were also unable to stratify by procedure type due to the low proportion of complex SSI in our sample. However, colon procedures accounted for the highest and hips/knee replacement for the lowest proportion of SSIs in our dataset. These findings are consistent with the literature, indicating that our results may be generalizable to other hospital groups [1, 27] . Another limitation is that we used ICD-9-CM codes and hospitals have recently switched to ICD-10 codes [17] .
Our analysis has a number of strengths. We analyzed patient outcomes in a large number of diverse hospitals in the United States. Infection preventionists used standardized CDC NHSN criteria to identify SSI so that outcome assessment is comparable across hospitals. Because we analyzed deep and organ/ space SSI, we likely captured the true incidence of SSI in this cohort [2] . We were able to use comorbid conditions from discharge codes already collected routinely for other purposes, which may be an improvement upon the CDC's risk adjustment model by decreasing the burden of additional data collection. In fact, ICD diagnostic codes are already routinely transmitted to the CMS by hospitals. Use of discharge codes may also encourage the use of risk adjustment among researchers as ICD-9-CM codes are easier to access and are collected on every patient by trained individuals in a standardized fashion. Last, we used a validation method that demonstrates our model will have good discriminative ability in other data sets.
Our analyses demonstrate the importance of using individual demographic data and comorbidities in risk adjustment models. Further testing of this risk adjustment methodology should be conducted for other infection-related quality improvement measures such as central line-associated bloodstream infections and catheter-associated urinary tract infections. We believe that the CDC and CMS should begin incorporating comorbid conditions obtained by ICD codes into their risk adjustment models. 
